Metabolism is a key determinant of plant growth and modulates plant adaptive responses. Increased metabolic variation due to heterozygosity may be beneficial for highly homozygous plants if their progeny is to respond to sudden changes in the habitat. Here, we investigate the extent to which heterozygosity contributes to the variation in metabolism and size of hybrids of Arabidopsis thaliana whose parents are from a single growth habitat. We created full diallel crosses among seven parents, originating from Southern Germany, and analysed the inheritance patterns in primary and secondary metabolism as well as in rosette size in situ. In comparison to primary metabolites, compounds from secondary metabolism were more variable and showed more pronounced non-additive inheritance patterns which could be attributed to epistasis. In addition, we showed that glucosinolates, among other secondary metabolites, were positively correlated with a proxy for plant size. Therefore, our study demonstrates that heterozygosity in local A. thaliana population generates metabolic variation and may impact several tasks directly linked to metabolism.
Introduction
Phenotypic traits can be inherited in either an additive or nonadditive manner (Falconer and Mackay 1996) . For traits that are inherited in an additive manner, the phenotypes observed in the progeny are the average of the effect of parental gene (s) and do not differ from the average phenotype of the parents (i.e., the mid-parent phenotype). The traits that deviate from the mid-parent phenotype are inherited in a non-additive way and can be either beneficial or disadvantageous for hybrid fitness in comparison to the parents (Charlesworth and Willis 2009; Davenport 1908; Schwartz and Laughner 1969) . There are three contending explanations for non-additive inheritance, namely: dominance, over-dominance and epistasis (Charlesworth and Willis 2009; Davenport 1908; Hull 1945; Powers 1944) . According to the dominance theory, the phenotypic effect of a deleterious allele from one parent can be complemented in a hybrid with a dominant allele from the other parent (Davenport 1908) . By the over-dominance explanation, heterozygosity results in trait scores that are higher in the hybrid than in either of the parents. In addition, non-additive inheritance can be due to epistasis, whereby in hybrids a locus from one parent influences another locus from the other parent. Irrespective of the explanation used, non-additive inheritance is expected to have large implications for adaptation to changing environments, particularly relevant for sessile organisms, since it provides strategies which expand beyond those of the range provided by the parents.
Understanding the basis of non-additive inheritance has prospects to further improve hybrid breeding, and the effects of non-additive inheritance patterns have been traditionally studied in several crop species (Alseekh et al 2015; Bestfleisch et al 2013; Boer et al 2007; Riedelsheimer et al 2012a; Schauer et al 2008) . So far, studies on natural variation among global Arabidopsis thaliana accessions have helped us understand genetic mechanisms underlying genes that cause differential fitness in hybrids in comparison to the parents (Weigel 2012) together with the genetic basis of non-additive inheritance patterns (Seymour et al 2016) . While most plant species cross-fertilize, A. thaliana is mainly self-fertilizing. The outcrossing rates of A. thaliana on the field vary according to growth habitat, but are on average~0-3% and can obtain values of up to 10% (Abbott and Gomes 1989; Bomblies et al 2010; Platt et al 2010) , indicating that heterozygosity could play a role in adding genetic variation in A. thaliana growing in one local habitat.
We hypothesized that increased variation due to heterozygosity in a single natural growth habitat could be a beneficial strategy for highly homozygous plants to rapidly respond to sudden changes in their surroundings. To test the impact of heterozygosity on variability in local A. thaliana, we studied non-additive inheritance of metabolic variation and growth in a set of individuals coming from a single growth habitat. The metabolome of a plant directly reflects the physiological responses leading to traits influencing fitness, such as: stress resistance, yield, and growth (Hirai et al 2004; Parker et al 2009; Sulpice et al 2009) . Therefore, analysis of metabolic variation gives us information about the different metabolic strategies plants can use to cope with changing environments (Obata and Fernie 2012) . Here, we created a full diallel cross among seven genetically monitored individuals originating from a single habitation in Tübingen, Germany in 2007 (Swiadek et al 2017) and monitored the metabolism and growth of hybrids and parents to investigate the extent of variation in these traits.
Our analysis showed that the metabolite levels and rosette size (as a proxy for growth) of hybrids exhibited higher variability in comparison to those of the parents and that non-additive mode of inheritance is typically observed for secondary metabolism. The correlation analyses highlighted the role of non-additive inheritance of secondary metabolism in modulating growth. Therefore, our study provides novel insights on the influence of heterozygosity in the genetic and phenotypic landscape of plants growing at a single growth habitat.
Materials and methods

Growth conditions and phenotyping
Accessions from different collection sites collected in 2007, including the Altenriet (Alt) individuals, were already described in (Bomblies et al 2010) . For full diallel crosses, two plants were used to create two sets of crosses in order to control the biological variation of individual plants. To avoid possible heterotic effects due to manual fertilization (Meyer et al 2004) and effects arising from different individuals, the same parent was used for all crosses in one replicate and the parental seeds were also produced by manual crosses. Plants were grown in randomized individual pots under long day conditions (16 h light/ 8 h dark) at 21°C/17°C in growth chambers. To control the local effects of the growth chambers, the trays (each containing 30 pots) were moved and turned every second day. Rosette radii (from the middle of the rosette to the end of the leaf tip) were measured from photos taken from plants that reached a 10-leaf stage using imageJ (version 1.48). For metabolic profiling, whole rosettes were harvested at the 10-leaf stage in the middle of the day (between 12:00-14:00) to avoid any bias due to circadian effects. All analyses were conducted with at least four biological replicates.
Metabolic profiling
Extraction and analysis by gas chromatography mass spectrometry were performed using the same equipment set up and exact same protocol as described in Lisec et al (2006) . Chromatograms and mass spectra were evaluated using the Chroma TOF 4.5 (Leco) and TagFinder 4.2 softwares (Roessner et al 2001; Schauer et al 2005) . Secondary metabolite analysis was performed as previously described by Tohge and Fernie (2010) using a high-performance liquid chromatography (HPLC; Surveyor; Thermo Finnigan, USA) coupled to a Finnigan LTQ-XP system (Thermo Finnigan, USA). Metabolites were evaluated on the basis of the peak area of parental ion peaks processed using Xcalibur 2.1 software (Thermo Fisher Scientific). The obtained relative peak areas were normalized by comparison to an internal standard (isovitexin; CAS29702-25-8) and the fresh weight of the sample used for extraction.
Statistical analyses
We used Bonferroni correction for multiple hypotheses testing throughout the manuscript where applicable, and reported significance at the level of 0.05 if not otherwise stated.
Correlation analyses
For the correlation matrix between SNPs, 721 nonpolymorphic SNPs in seven parents were excluded from the original 1985 SNPs. Since hybrid SNPs can arise from multiple possibilities if the SNP from one of the parents is heterozygous, all SNPs that were heterozygous in parents were excluded as well; hence, 1149 SNPs were used for the correlation analysis. The Pearson correlation based on genotype was performed among each pair of alleles for parents or hybrids separately. SNP pairs were coded with the same number independent of the direction of the cross. For the correlation matrix between metabolites, the mean values over the replicates were used. The Mantel correlation coefficient was then determined by using the correlation matrices between genotypes based on primary metabolites, secondary metabolites, and SNPs.
Analysis of metabolic variation within hybrids and parents
Metabolite data was first normalized for differences in fresh weight and machine performance using an internal standard. All metabolite intensities were log10-transformed to render normally distributed data. Each metabolite value was then scaled by its standard deviation and all values with more than five standard deviations away from the mean were treated as missing values. Consequently, all metabolites with more than 20% of missing values were eliminated from posterior analyses and the remaining missing values were imputed using the missForest package available for the free software statistical environment R (Stekhoven and Buhlmann 2012) .
Principal component analyses were conducted by using the function prcomp within the R statistical environment. To determine the significance of the observed difference between variance explained by the first two principal components between secondary and primary metabolites, i.e., 72.8%-57.7% = 15.1% (see Results), we performed the following permutation test: (1) shuffle each data set metabolite-wise, (2) determine the difference of the variance explained by the two components of the shuffled data, (3) count the value in step 2 if it is larger than the observed one, and store the value in ctr and (4) determine p-value as (ctr + 1)/(B + 1), where B is the number of shuffling repetitions.
To identify the classes of metabolites that were deviating most from the average mid-parent value, the relative percentage of deviation from the mid-parent value (rMPD) was calculated for each metabolite within each hybrid using the formula rMPD = 100d/a, where d is the difference between the hybrid and parental mean and a is the parental mean.
The coefficient of variation was calculated by dividing the standard deviation of each metabolite by its mean, or across all hybrids (CVh) or all parents (CVp). Hence, the log2 CV-ratios were calculated as log2 (CVh/CVp). The mean log2 CV-ratios for primary and secondary metabolites were calculated independently and compared against a random mean CV-ratio. The random mean CV-ratio was generated by permutation of parent and hybrid labels. This process was repeated 10000 times and a mean CV-ratio was calculated each time to produce a random distribution of mean CV-ratios (separately for primary and secondary metabolites). A shift in the observed mean CV-ratio with respect to the random mean CV-ratio was then assessed.
Analysis of inheritance patterns
To identify the different inheritance patterns across hybrids, the deviations from the mid-parent values (MPVs) were calculated for each metabolite in every hybrid. The deviation of each hybrid for a given metabolite was obtained by subtracting the observed value from the predicted midparent value. To determine empirical p-values, the resulting deviations were then contrasted individually against a random distribution generated for each metabolite by resampling.
Broad-sense and narrow-sense heritability
We used a variant of the linear mixed model used for analysis of diallel crossing (Mohring et al 2011) where the additive paternal and maternal effects, as well as the nonadditive hybrid effect are considered as random effects (i.e., we do not obtain specific combining ability of each parent). The random effects follow the normal distribution with zero mean and respective variances. The model used was
where, y is the metabolic profile for each cross, X m and X p are the design matrix for maternal and paternal effect, respectively, β m and β p are the maternal and paternal effect value, Z is the design matrix representing the non-additive effect and γ is the non-additive effect value, and ε is the residual error. The error and the random effects were estimated with the REML method (Mohring et al 2011) . Using the variance components of this model, we determined the narrow sense heritability (corresponding to the percentage of additive variance from the phenotypic variance) and the broad sense heritability representing the percentage of total (additive and non-additive) genetic variance from the phenotypic variance.
Diallel analysis
For epistasis, Hayman´s diallel approach was implemented (Atnaf et al 2014; Hayman 1954 ). An array in Hayman's analysis corresponds to a group of crosses which involve one particular parent. Then, Wr is the covariance of parents and their offspring in each array, while Vr is the variance of means of an array. In absence of epistasis, the regression of Wr with respect to Vr gives a line of unit slope. As a result, the deviation from the slope of this regression line is an indication for existence of epistasis. Besides, we also used ANOVA on Wr-Vr to indicate the presence of epistasis for each metabolite.
Results
Analysed genotypes and phenotypes
Our experiment is based on a full diallel crossing of seven parental lines in two replicates, collected in 2007 from one location in Altenriet, Tübingen (Southern Germany). Altogether, we assessed 38 out of the 42 hybrids since the remaining four could not be phenotyped due to technical issues. The parents were genotyped using RAD sequencing (Swiadek et al 2017) . Based on the 1985 informative markers (Materials and Methods), parents showed more than 95.6% homozygosity (Table 1) . Pairwise comparison of the SNPs showed that similarity among the parents varied from 60.3 to 97.5%, with an average similarity of 69% (Table 1) . Both the parents and hybrids were phenotyped for their metabolism and rosette size. For metabolic profiling, rosettes of at least four plants from the analysed hybrids and parents were harvested at the 10-leaf stage to avoid changes due to different developmental stages in the plants. Altogether, 100 metabolites, including 66 analytes from primary metabolism and 34 from secondary metabolism (Table S1A) , were identified and quantified using gas chromatography mass spectrometry (GC-MS) and liquid chromatography mass spectrometry (LC-MS) (Lisec et al 2006; Tohge and Fernie 2010 and Materials and Methods) . The rosette radius was measured from photos taken at a 10-leaf stage.
Similarity between genotype and metabolism
First, we investigated if more similar genotype (i.e., parents and hybrids) display more similar phenotypes. To answer this question, we created relationship matrices of both genotype and metabolic profiles for both hybrids and parents. Primary and secondary metabolic profiles were analysed separately.
Based on the relationship matrix calculated by the correlations of informative SNPs in the parents, parents Alt1 and Alt6 were the closest, while parents Alt1 and Alt7 were the most genetically distant (Fig. S1A) . This was in line with the genetic similarities of the parents (Table S2A) . We also determined the relationship matrix based on the correlation of SNPs for the hybrids visualizing the genetic closeness of all genotypes used for analyses (Fig. S1D , Table S2B ).
Similarity matrix of the primary metabolic profiles of parents indicated that this group of genotypes is highly similar over all pairs, with the smallest correlation value of 0.98 (Fig. S1B ). For the secondary metabolic profiles, we identified that Alt4 was the most discrepant in comparison to the other parents (which exhibit mutually concordant secondary metabolic phenotypes) (Fig. S1C) .
To assess if similar genotypes displayed similar primary and secondary metabolic profiles we determined the Mantel correlation coefficient between the similarity matrices of genotypes and metabolic profiles (see Fig. S1 ). The concordance between the similarity of genotypes and similarity of primary metabolic profiles was more pronounced for the parents (Mantel correlation of 0.75, p-value 0.04, n = 7 × 7) in comparison to the hybrids (Mantel correlation of 0.45, p-value 0.002, n = 38 × 38). In contrast, we did not find significant concordance between the similarity of the secondary metabolic phenotype and the genetic relationships of the parents, as well as the hybrids (Mantel correlations 0.67, p-value 0.09 and 0.3, p-value 0.05, respectively). This finding indicated that similar parents have similar primary metabolism, but that this observation does not extend to secondary metabolism.
Variability of metabolic profiles of parents and hybrids
Next, we performed a principal component (PC) analysis with the two metabolic phenotypes in order to investigate the parental effects on hybrid metabolism. We found that the first two PCs captured a smaller percentage of the total variance of primary metabolites (PC1, 48.8% and PC2, 8.9%) in comparison to secondary metabolites (PC1, 59% and PC2, 13.8%). We used a permutation test (see Materials and Methods) with 100 repetitions and found that in the first two PCs in secondary metabolism capture significantly larger variance than the first two PCs in primary metabolism (p-value < 0.05). PCA did not reveal clear separations of certain parents with their respective hybrids (Fig. 1) . However, based on their secondary metabolism (Fig. 1b) , the second PC located all parents to the lower half of the plot, and more than half of the hybrids were not grouped with the parents. A similar pattern was not identified for primary metabolism (Fig. 1a) , where parents and hybrids were distributed throughout the projection space. In most cases, the reciprocal hybrids were plotted in close proximity to each other, indicating no clear parental effect. There were a few cases, all in secondary metabolism, where reciprocal hybrids showed differences, but only in the reciprocal hybrids between Alt2 and Alt4 parents. For these parents, the corresponding points of the reciprocal hybrids in Fig. 1b were the most distant in the plot with respect to the second PC. Additionally, it is notable that Alt2xAlt4 was separated by PC2 from the rest of the hybrids and its difference in secondary metabolism was already observed in the correlation analysis (Fig. S1F) .
In this sense, parents with the most dissimilar secondary metabolism (Alt2 and Alt4) also gave rise to the most dissimilar hybrid in secondary metabolism (Alt2xAlt4), although this behavior was not seen in its reciprocal counterpart (Alt4xAlt2). This could be due to a strong parental effect in the specific combination of having Alt2 as a mother and Alt4 as a father; however, we did not observe similar effect in other crosses made with Alt2 or Alt4 as parent. Further evidence is needed to find out the cause for the specificity of the observed parental effect in Alt2xAlt4 hybrids. Interestingly, the most divergent hybrid in primary metabolism was Alt4xAlt3 rather than the hybrid from the most divergent parents, suggesting a considerable contribution from non-additivity (Fig. 1a) . In addition based on the primary metabolic phenotypes, the PC plot allowed us to identify groups of hybrids that grouped based on the closeness of the respective maternal genotypes (proximity of shapes with same color, Fig. 1a ).
Metabolic phenotypes of hybrids vary more than those of the parents
Although the PC analyses provided insights into the metabolic variation of the different hybrids in relation to the parental genotypes, it did not tell us about the overall metabolic variation between the groups of hybrid and parental genotypes. To address this question, we next calculated the log-transformed ratio of the coefficients of variation (CV) for the level of every compound of the two groups of genotypes. This analysis normalizes the effect of variability due to the differences in metabolite levels (Lisec et al 2011) .
Both primary and secondary metabolism showed a positive non-significant shift in the CV ratio from the empirical mean of a permutation test, indicating the similarity in robustness of the metabolism of parents and hybrids ( Fig. 2a-b) . For completeness, we also provide graphical information about the CV of secondary and primary metabolites in hybrids and parents (Fig. S2) . The metabolic traits in hybrids differ in the deviation from the mid-parent value Motivated by the observed differences between hybrids and parents based on the metabolic profiles, we next wanted to find out the sources of the higher variability and thus investigated the inheritance patterns for each metabolic compound separately over all hybrids. The distribution of deviations from the mid-parent value (MPV) in the investigated crosses, which indicate the amount of non-additive inheritance across all hybrids, showed that the compounds from secondary metabolism, comprising glucosinolates, phenylpropanoids, a flavonoid and several unknown analytes, exhibited the largest median deviation from the respective MPV (Fig. 3a) . While glucosinolates showed both positive and negative median deviations from the MPV, the two detected phenylpropanoids exhibited only a negative median deviation (Fig. 3a) . For the compound classes in primary metabolism, the median deviations from the MPV were negative and considerably smaller than those for the majority of secondary metabolites. We also found that the variability of deviations from MPV was larger for compounds from secondary compared to those from primary metabolism. On inspecting the significant deviations from MPV at level 0.05, we found that for almost all metabolites the respective median deviations were negative (Fig. S3) . This indicates that some of the analysed hybrids showed particularly different levels of secondary metabolites in comparison to the average of the parents, and strongly suggests that non-additive inheritance contributes in shaping secondary metabolism.
We next wanted to find out if certain crosses exhibited a higher degree of non-additive inheritance in metabolism than others. Six crosses showed non-additive inheritance in more than 50% (i.e., 33) of the primary metabolites (Fig. 3b , Table S3B ) while at least 50% (i.e., 17) of secondary metabolites showed non-additive inheritance in 14 crosses (Fig. 3c, Table S3B ). From these, only two were reciprocal (Alt6xAlt1 and Alt6xAlt2), indicating that here the extent of non-additive inheritance depended on the direction of the cross (Fig. 3c, Table S3B ). In addition, the crosses with Alt2 and Alt6 as a father were, on average, involved in more than 40% of the non-additive inheritance patterns for secondary metabolites (Fig. 3c, Table S3B ) while seven secondary metabolites (i.e., coniferin, trans-sinapoyl malate, phenylpropanoid sinapoyl malate, a structurally undefined aliphatic glucosinolate, a structurally undefined benzenoid, a structurally undefined flavonoid and an unknown compound) were significantly inherited in a non-additive way across all hybrid crosses (Table S3B) .
Altogether, we could not identify a particular pattern for the sign of deviations from MPV for the examined compound classes. Nevertheless, the levels of compounds from secondary metabolism showed predominantly non-additive inheritance patterns in comparison to primary metabolites. Moreover, some crosses were more likely to show nonadditive inheritance than others. These findings were in line with the observed higher variance in secondary metabolism when compared to primary metabolism.
Non-additive variance is a determinant of secondary metabolism
Motivated by the identified presence of non-additive inheritance, we next analysed the contribution of nonadditive variance to the variation of metabolic traits in a greater detail. We used the quantitative genetics analysis of full diallel designs to partition the genetic variance into additive and non-additive variance. We calculated narrow sense heritability and broad sense heritability to find out the additive and non-additive variance that the different hybrids show in the metabolites analysed here (see Materials and Methods).
The narrow sense heritability for the primary metabolites was not larger than 50.8% with a mean of 14.3% over all primary metabolites (Table S4A ). For 30 of the primary metabolites we found that the broad and narrow sense heritabilities coincided, indicating the genetic variance for these metabolic traits was only additive. In addition, from the primary metabolites, only 2-oxogluatric acid showed more than 10% of non-additive variance.
The narrow sense heritability for the secondary metabolites was smaller than the primary metabolites, with the largest value of 48% and a mean of 4.8% (Table S4B) . However, the narrow sense heritability for only one secondary metabolite coincided with the value of the broad sense heritability. The non-additive variance was larger than 10% of their phenotypic variance for 19 metabolites, with aliphatic glucosinolate exhibiting maximum non-additive variance (27.1%).
Our results indicated that secondary metabolites showed more non-additive inheritance than primary metabolites in line with the observed larger deviation from MPV in secondary metabolites than primary metabolites. However, we also found compounds in both metabolic profiles for which non-additive variance contributed a portion larger than 10% of genetic variance. Table S1A and the metabolites are ordered according their relative deviations from negative to positive. b The number of primary metabolites inherited in non-additive way in different hybrids; c The number of secondary metabolites inherited in non-additive way in different hybrids. In b and c non-additive inheritance was based on significant deviation from the parental mean at level α = 0.01. The total number of analysed primary metabolites was 66 (numbered 1-66) and the total number of secondary metabolites was 33 (numbered 67-100). The four first groups (i.e. acids, amines, sugars, phosphates and polyol compounds) belong to primary metabolism and flavonoids, glucosinolates and phenylpropanoids to secondary metabolism
Contribution of dominance and epistasis in nonadditive variance
The non-additive genetic variance can be further divided into dominance and interaction (epistatic) variance (Falconer and Mackay 1996) . Our results suggested, that nonadditive genetic variance plays a role in shaping secondary metabolism, with some isolated effects on metabolites from primary metabolic pathways. As a next step, we asked if the non-additive inheritance is due to dominance or to epistasis. To dissect the contribution of epistasis for specific metabolic traits, we used Hayman's diallel analysis and ANOVA on Wr-Vr (see Materials and Methods).
For the primary metabolic phenotype, we found significant differences at level of 0.05 between Wr and Vr for four metabolites, namely raffinose, GABA, phosphoric acid and urea (Table S5A) . With the exception of urea, these metabolites showed only additive variance (see section above) and, therefore, there was no contribution of epistasis for these traits.
For the secondary metabolic phenotype, we found significant differences at level of 0.05 between Wr and Vr for three metabolites, namely, aliphatic glucosinolate, neoglucobrassicin and kaempferol 3-galactoside-7-rhamnoside (two with non-additive variance larger than 10%) (Table S5B ). Therefore, our findings suggested that the larger non-additive variance in secondary metabolism may be attributed to epistasis rather than dominance effects.
Relationship between growth and metabolism
Studies on plant metabolism and growth-related traits have revealed a tight relationship especially between primary metabolism and biomass (Stitt 2013; Sulpice et al 2009) . To find out if in our case the changes in metabolism are reflected to changes in growth -related traits, we measured rosette radius at the 10-leaf stage of in both hybrids and parents. These measurements showed that rosette radii had both positive and negative non-additive inheritance in comparison to the mid-parent value (Fig. 4) . From the 12 hybrids with a significant deviation from the MPV, seven had larger and five smaller rosette radii than the mid-parent value indicating that the parents contribute to hybrid vigor (i.e., heterosis) and hybrid incompatibility (Fig. 4) . From all hybrids, Alt6xAlt4 showed the highest positive deviation from the MPV, and its reciprocal counterpart also followed a similar behavior with a significant positive deviation. Alt3xAlt1 and its reciprocal hybrid had the two highest significant negative deviations in rosette radius (Fig. 4) . However, many of the reciprocal hybrids did not show similar inheritance patterns, indicating parental effects. For example, Alt2xAlt3 and Alt5xAlt1 did not show significant deviations from the MPV although their reciprocal hybrids, Alt3xAlt2 and Alt1xAlt5, were among the three with the largest significant positive deviation from the MPV.
We also investigated the relationship between the metabolism and growth by looking at the correlation of primary and secondary metabolites with the final size measured as rosette radius. We found 23 metabolites significantly correlated (at level α = 0.05) with the final rosette radius (Table S6) , with all positive correlations for secondary metabolites. Glucosinolates were the predominant group of secondary metabolites correlated with the analysed proxy for growth. In addition, only two primary metabolite analytes, namely, 1,6-anhydrobetaglucose (a hydroxylated form of glucose which forms on the pyrolysis of cellulose and as such can be regarded as a proxy for cellulose content (Sasaki et al 2008) , and spermidine were positively correlated to the rosette radius.
Discussion
Here, we presented a full diallel analysis of plant metabolism and growth-related traits among seven A. thaliana parents collected from a single growth habitat. These parents were mostly inbred with heterozygosity ranging from 1-5.4%. A recent study highlighted the power of using the F 1 hybrids generated by a diallel crossing scheme to investigate the non-additive inheritance patterns underlying hybrid vigor in A. thaliana inbred lines (Seymour et al 2016) . However, less is known about the role of heterozygosity in the variation of plant metabolism in nature. In order to unravel the inherited differences in metabolism, we grew the analysed hybrids and parents in constant growth conditions. We showed that primary and secondary metabolite abundances, as well as growth, exhibited on average higher fluctuations in hybrids compared to the parents. This finding shows an interesting contrast with that from a similar experimental design with six maize inbred lines, in which the resulting heterotic hybrids (in terms of biomass) showed, on average, a more robust primary metabolism than parents (Lisec et al 2011) . In our data set, we have a mixture of hybrids which showed positive and negative inheritance patterns in respect to size. Therefore, our finding that the hybrids and parents show similar robustness can serve as a support of the principle underlying heterosis proposed by Lisec et al. (2011) , whereby hybrids exhibiting heterosis tend to show similar metabolic profiles associated to better growth. Our results suggest that larger variation due to heterozygosity in individuals adapted to a single growth habitat results in both positive and negative dominance.
Secondary metabolites varied more than primary metabolites and contributed more to the non-additive inheritance patterns. Interestingly, Hayman´s analysis revealed epistasis in hybrids for some of the studied traits. The secondary metabolites showing a significant non-additive inheritance across all hybrids are known to be involved in plant stress responses suggesting that the increased genetic and phenotypic variation due to heterozygosity could be beneficial for homozygous plant populations to rapidly adapt to fluctuating environments. Fewer non-additive inheritance in primary metabolites, and hence variability, across individuals go hand in hand with their essential role in normal growth and development, since drastic modifications in their levels might hinder survival.
We demonstrated here that a diallel design can be used to assess the heritability of traits. That heritabilities of primary and secondary metabolism differ has been reported previously in a study of introgression lines of tomato (Alseekh et al 2015; Schauer et al 2008) ; however, in these cases, primary metabolites displayed a greater degree of nonadditive inheritance than secondary metabolites. Yet, heritability of secondary metabolites was considerably lower in both species; reinforcing the fact that secondary metabolism is subject to greater environmental fluctuation than primary metabolism (Schilmiller et al 2012) . Interestingly, we also observed that in some cases the same genetic background yielded different metabolic phenotypes in reciprocal hybrids. It is notable, that those reciprocal hybrids that showed the most different metabolic profiles included the four biggest hybrids of this study; however, additional experiments are needed to find out if the heterosis in terms of plant size plays a role in causing stronger parental effect.
Not only were we able to infer important information concerning the heritability of metabolic phenotypes but also to determine metabolites that were strongly associated with plant size. Amongst these we found a likely marker for cellulose, which according to both textbook physiology and a recent gene-metabolite-growth analysis in maize, demarcates the cell wall during growth (Riedelsheimer et al 2012b) , and the polyol spermidine whose levels have similarly often been shown to correlate with plant growth (Paschalidis and Roubelakis-Angelakis 2005) . In addition, glucosinolates, secondary metabolites known to be associated with plant stress, were positively correlated with the size of the plant. Glucosinolates are compounds known to respond to both biotic and abiotic stress in plants, also influencing the size of the plant (Chan et al 2010; Halkier and Gershenzon 2006) . However, several recent studies have suggested that the trade-off between defense and growth which is illustrated by the production of these compounds is grossly oversimplified (Joseph et al 2013; Kliebenstein 2016; Mauricio 1998) and this may explain the fact that we observed a positive relationship between glucosinolate levels and plant size which was in the opposite direction to what we initially anticipated. However, it is important to note that such a positive relation has previously been observed in the field and the simple model of trade-off between investing in glucosinolate production for defense or investing in growth is thus unlikely to hold under all conditions (Joseph et al 2013; Kliebenstein 2016; Mauricio 1998) . These results, furthermore, add intriguing insights to our understanding of the nature of non-additive inheritance in a natural A. thaliana population, which may also hold in major crop species.
To conclude, we found that hybrids of A. thaliana individuals coming from the same collection site showed an increased metabolic variability when compared to their parents at controlled growth conditions. The greater variation in hybrids than in parents goes in contrast to previous studies on hybrids among genetically more diverse parents in crop plants. In nature, A. thaliana plants are subjected to many environmental fluctuations and the increased variation due to heterozygosity provides a source for genetic and phenotypic variation under changing conditions in a specific growth habitat. While the parental effects were visible in both primary and secondary metabolism, the pronounced non-additive inheritance in some secondary metabolites could be statistically attributed to epistasis. Nevertheless, the proportion of the contribution of epistasis in nonadditive inheritance in these metabolites is not known. Therefore, these findings provide insights for plant breeding by adding relevant information on how heterozygosity influences metabolism and growth in a single growth habitat of A. thaliana.
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